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Biometric Identification Based on Frequency
Analysis of Cardiac Sounds
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Abstract—The performance of traditional biometric identifica-
tion systems is, as yet, unsatisfactory in certain applications. For
this reason, other physiological or behavioral characteristics have
recently been considered, using new electrical or physical signals
linked to a person’s vital signs. This paper examines the biometric
characteristics of PhonoCardioGram (PCG) signals from cardiac
auscultation. The idea is that PCG signals have specific individual
characteristics that can be taken into consideration as a physiolog-
ical sign used in a biometric system. More specifically, the paper
proposes a preliminary study related to the identification of indi-
viduals via frequency analysis of cardiac sounds. The results, ob-
tained using a database containing several heart sound recordings
from 20 different people, confirm the biometric properties of PCG
signals, which can thus be included among the physiological signs
used by an automatic identification system.

Index Terms—Automatic detection of cardiac sounds, biometric
identification, frequency analysis of PhonoCardioGram (PCG)
signals.

I. INTRODUCTION

THE recognition and identification of subjects using bio-
metric technologies usually aims to implement security

systems in which the “immediate and certain” recognition of
a person is a primary objective [1], [2]. In this perspective, so-
lutions based on the use of biometric technology supplement
traditional solutions based on the use of passwords, PIN codes,
smart cards, etc., with unique individual characteristics. Various
market sectors require solutions in which biometric technology
will guarantee the “safe” recognition of individuals [3], [4]. The
solutions most frequently requested refer to:

• physical access control—buildings, parking lots, offices,
hospitals, and prisons;

• logical access control—PCs, computer networks (in-
tranet), mobile phones, e-mail, confidential data (e.g.,
clinical files), and banking services;

• surveillance—sports events, shopping centers, concerts,
buildings, and museums.

Biometric technology is based on well-defined physiological
or behavioral characteristics. This technology, used together
with traditional solutions, provides a highly efficient level of
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security in cases where it is essential to obtain certain iden-
tification, even in unfavorable environmental conditions. The
individual physical characteristics used in a biometric system
cannot be forgotten as they are intrinsically individual proper-
ties. It is also true, however, that some of them may be “lost”
following serious trauma, or deliberately altered, by plastic
surgery for example. In addition, due to various (physical or
environmental) factors, the result of a biometric recognition
process is never completely accurate and performance in terms
of the false reject rate (FRR) and false accept rate (FAR) is
not yet satisfactory in some fields of applications [1]. For this
reason, other physiological or behavioral characteristics have
recently been taken into consideration, looking at the human
body as a constant source of new “biological documents” (i.e.,
implementing automatic biometric recognition algorithms
which use new electrical or physical signals linked to an
individual’s vital signs). This paper focuses, in particular,
on the biometric characteristics of PhonoCardioGram (PCG)
signals from cardiac auscultation [5]. The recent introduction
of electronic stethoscopes, which provide excellent-quality
digital PCG signals, has aroused considerable interest in
techniques for the automatic analysis of PCG signals, which
contain a large amount of information about the state of an
individual’s cardiocirculatory system. The idea is that PCG
signals have specific individual characteristics that can be taken
into consideration as a physiological sign used in a biometric
system. This paper proposes a study related to algorithms for
human identification via frequency analysis of an individual’s
cardiac sounds. The results obtained confirm the biometric
properties of PCG signals, which can thus be included among
the physiological signs used by an automatic identification
system. More specifically, this paper shows the robustness of
both the segmentation and matching algorithms by analyzing
their performance first on a small number of PCG sequences
taken from a subset of a cardiosource database [6] and then
on a larger database specifically created via a series of PCG
sequence recordings using an electronic stethoscope. The test
results show that the proposed algorithms have a good capacity
to correctly recognize the true or false identity of a person. The
paper is organized as follows. Section II describes the phases
of the biometric identification process. Section III presents the
detection algorithm used for automatic identification of the
main cardiac sounds S1 and S2 and the matching algorithm
proposed for the identification phase based on frequency anal-
ysis of the cardiac sounds S1 and S2. A study on robustness to
white Gaussian noise is also presented. Section IV describes
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the results obtained in terms of intra/interperson distance.
Finally, Section V concludes the paper.

II. BIOMETRIC IDENTIFICATION

Biometric technologies are based on the use of individual
characteristics for the recognition or identification of an indi-
vidual [7]. They are divided into two areas:

1) physiological characteristics (unique and unvarying),
which include the geometry of the hand and the palm
print, fingerprints, retina, or iris image, and the (geomet-
rical) features of the face;

2) behavioral characteristics (unique but varying), which in-
clude signature, way of walking, voice (the latter also be-
longs to the previous group), and keyboard typing style.

A feature common to all biometric technologies is the capability
of human recognition from biometric data. This consists of a
series of basic processes:

1) acquisition and storage of reference biometric data ac-
quired by means of sensors (optical, ultrasonic, thermal,
etc.);

2) acquisition of new biometric data at the start of a recogni-
tion process, for comparison with the reference data;

3) determination of the correspondence of the newly acquired
data to the stored reference to determine whether they both
could have been generated by the same person.

In the first phase (enrollment), a sample is acquired, which
might be converted to a template, a model, or left unprocessed.
This is accomplished in a controlled environment so as to
guarantee the security of the original and the properties of
the biometric print. The second phase (matching) is activated
whenever it is necessary to verify or identify a print. Authenti-
cation or verification is performed by comparing the acquired
print with a reference. Identification is performed by searching
in an archive for a compatible template. They therefore serve
to identify a person whose identity is not necessarily known
a priori. The implementation of a biometric solution requires
recognition threshold values to be assigned. Due to various
physical and environmental factors, in fact, the result of a bio-
metric identification process is never completely certain. The
definition of the recognition threshold establishes the boundary
between acceptance or rejection of a request. In this way, it is
possible to set the security level on which the false reject rate
(FRR) depends on (i.e., the number of times the system does
not recognize a sample as coming from the same individual
who produced the reference) and the false accept rate (FAR)
(i.e., the number of times the system incorrectly matches a
sample from one person to a reference from another). The FRR
and FAR are generally considered as indexes of the biometric
system’s performance.

III. CARDIAC SOUND EXTRACTION AND ANALYSIS

A. General Information About Heart Sounds

The mechanisms that generate cardiac sounds are complex
and there is, as yet, no general consensus as to the contribution
made by various mechanical cardiac events to the formation of
the single components. The acoustic phenomena include:

• sounds: brief vibrations caused by the closure of the valves
and tensing of the cardiac muscle;

• murmurs: caused by turbulence in the blood flow through
narrow cardiac valves or reflow through the atrioventric-
ular valves due to congenital or acquired defects.

The two loudest sounds that can be heard in any individual are
the first and second sounds, referred to as S1 and S2 [5]. S1 has
a typical duration of about 150 ms and S2 usually lasts about
120 ms. The first is associated with the closure of the mitral
tricuspid valve during isovolumetric contraction of the ventri-
cles. The second is associated with the closure of the aortic pul-
monary valve during isovolumetric relaxation, when the ventri-
cles end ejection and start the diastole.

Rarely, a third and a fourth heart sound (S3, S4) might be
heard. The third heart sound or protodiastolic sound is not of
valvular origin, as it occurs at the beginning of diastole just after
S2. This sound occurs when the left ventricle is not very com-
pliant, and at the beginning of diastole, the rush of blood into
the left ventricle causes vibration of the valve leaflets and the
chordae tendinae. The third heart sound is normal in children
and young adults, but disappears before middle age. Abnormal
re-emergence of this sound late in life indicates a pathological
state, often a sign of a failing left ventricle as in congestive heart
failure. This sound is called a protodiastolic gallop, a type of
gallop rhythm. The rare fourth heart sound S4 is sometimes au-
dible in healthy children, but when audible in an adult, it is called
a presystolic gallop. This gallop is a sign of a pathologic state,
usually a failing left ventricle. This sound occurs just after atrial
contraction. The combined presence of S3 and S4 is a quadruple
gallop. At rapid heart rates, S3 and S4 may merge to produce a
summation gallop.

B. Cardiosource Database

The first phase was performed using a subset of a database
called “heart songs” [6], containing heart sounds from people
suffering from various types of cardiac pathology. In order to
study the spectral characteristics of heart sounds and, therefore,
their biometric properties, we used recordings containing heart
sounds relating to the following pathologies: 1) innocent sys-
tolic murmur; 2) mitral regurgitation variations; 3) mitral regur-
gitation; 4) mitral stenosis; and 5) third heart sound.

Innocent systolic murmurs are not accompanied by other ab-
normal findings. One example is Still’s murmur in children.

Mitral regurgitation is a condition in which disease or injury
has caused the heart’s mitral valve to become leaky. The four
heart valves function as one-way valves, allowing blood to be
pumped forward and preventing blood from regurgitating back-
wards. When the mitral valve becomes leaky, blood may back
up into the lungs, causing a shortness of breath. The heart sound
with mitral regurgitation is characterized by a “whooshing”
sound (heart murmur) in the chest. The heart murmur is caused
by the turbulent flow of blood from the left ventricle across the
mitral valve and back into the left atrium.

Mitral stenosis is a narrowing or blockage of the opening of
the mitral valve, which separates the upper and lower cham-
bers on the left side of the heart. This prevents proper blood
flow from moving between the left atrium (upper chamber of
the heart) and ventricle (lower chamber of the heart). The third
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Fig. 1. Heart sound for (a) innocent systolic murmur, (b) mitral regurgitation
variations, (c) mitral regurgitation, and (d) mitral stenosis.

heart sound or protodiastolic sound is not of a valvular origin,
as it occurs at the beginning of the diastole just after S2. This
sound occurs when the left ventricle is not very compliant, and
at the beginning of the diastole, the rush of blood into the left
ventricle causes vibration of the valve leaflets and the chordae
tendinae. The health-care provider will listen to the heart and
lungs with a stethoscope. A distinctive murmur, snap, or other
abnormal heart sound may be heard. The typical murmur is a
“rumbling apical diastolic murmur with pre-systolic accentu-
ation.” This means a rumbling sound is heard over the heart
during the resting phase of the heartbeat. The sound gets louder
just before the heart begins to contract.

For the subsequent analysis, the files were converted from the
original MP3 format to a uniform 16 bits quantization format
with a sampling rate of 11 025 Hz.

C. Cardiac Sounds Detection

In this paper, human identification is performed by analyzing
the frequency characteristics of the sounds S1 and S2 in digital
PCG sequences. It was thus necessary to implement a mecha-
nism to identify the bounds of these sounds, in terms of samples,
in an audio trace from cardiac auscultation.

A pathology-independent recognition system has to be
capable of separating sounds from murmurs, as the latter are
strictly linked to any pathology an individual may be affected
by. Fig. 1 illustrates the trend of cardiac sounds with different
kinds of pathology. As can be seen, it is possible to discrim-
inate visually between sounds and murmurs. Cardiac sounds
can be considered stationary if observed over short periods of
time. To estimate the power spectral density, it is necessary
to divide the signal into frames in which the sound remains
sufficiently stationary. Following an empirical analysis, which
took the typical duration of S1 and S2 sounds into account, a
frame length of 20 ms was chosen. To blur the effect of sudden
variations in the signal spectrum when passing from one frame
to another, a partial overlap of 5 ms was introduced between
samples belonging to adjacent windows: the frame extraction
period is thus 15 ms. Extracting signal energy information
every 15 ms also allowed us to obtain a more detailed profile

Fig. 2. Energy profile for (a) innocent systolic murmur, (b) mitral regurgitation
variations, (c) mitral regurgitation, and (d) mitral stenosis.

Fig. 3. Autocorrelation of energy profile and time period for (a) innocent sys-
tolic murmur, (b) mitral regurgitation variations, (c) mitral regurgitation, and
(d) mitral stenosis.

of the energy trend [8]. Fig. 2 shows the energy profile of the
single frames for cardiac sounds with various pathologies.

The first step consists of determining which sound—S1 or
S2—has the greater energy; we will call this sound SX1. The
first step in the mechanism to detect SX1 sounds is the determi-
nation of the frame with the highest energy value. We will call
the index of this frame . Then, the autocorrelation
function of the energy signal is calculated. From analysis of this
function, it is possible to determine the various periodic com-
ponents of the energy signal and, thus, the basic period of the
heartbeat. The periodic component with the highest energy will
correspond to the position of the absolute maximum of the auto-
correlation function. As the energy signal also has components
close to continuous frequency, it is necessary not to consider
low-frequency components. The absolute maximum was there-
fore not calculated over the whole interval but began from the
value following the first relative minimum. Fig. 3 illustrates the
autocorrelation function of the energy signal for the various car-
diac sounds considered. The dashed vertical line corresponds to

Authorized licensed use limited to: Univ of Puerto Rico Mayaguez - Library. Downloaded on May 05,2010 at 17:42:49 UTC from IEEE Xplore.  Restrictions apply. 



BERITELLI AND SERRANO: BIOMETRIC IDENTIFICATION BASED ON FREQUENCY ANALYSIS 599

Fig. 4. S1 and S2 detection for (a) innocent systolic murmur, (b) mitral regur-
gitation variations, (c) mitral regurgitation, and (d) mitral stenosis.

the basic period of the heartbeat. Having determined the heart-
beat period in terms of the number of frames, it could be as-
sumed that all of the remaining indexes corresponding to the
maximum energy frames in SX1 sounds fall within the values

where is a positive integer. In re-
ality, this does not happen due to possible variations in the pe-
riodicity of the heartbeat. To follow these variations, the algo-
rithm implements a step-by-step search for the position of the
maxima. Having determined the frame , the algo-
rithm searches for all frames containing maxima to the right of

and then all frames containing maxima to the left
of . It sets

, for example, and then the value is corrected, if necessary, by
determining the relative maximum around
points. The new position will be the correct one .
At this point, the search for starts from the new
value of . The algorithm is iterated until all of
the maxima to the left of are found. The proce-
dure to find the maxima to the right of is the
same, adding the periodicity value found. Once the frames
corresponding to the maximum energy values in all of the SX1
sounds have been determined, the start and end points are estab-
lished, corresponding to the frames to the left and right, respec-
tively, whose energy is 10% below the corresponding maximum
value. The start and end positions of SX2 sounds are determined
in the same way after having set all samples in the SX1 sounds
to zero. On the basis of the relative distances between the SX1
and SX2 sounds, it is possible to establish whether SX1 is to be
associated with S1 and SX2 with S2 or vice-versa. Fig. 4 shows
an example of how S1 and S2 sounds are determined for the
different cardiac sounds considered. The algorithm detects all
of the S1 and S2 sounds present in the PCG sequence consid-
ered (generally comprising about six cardiac cycles).

D. Cardiac Sound Analysis in the Frequency Domain

Having determined the time intervals of the S1 and S2 signals,
the signals are transformed from the time to the frequency do-
main [9], [10]. Experimental analysis of the duration of S1 and

Fig. 5. S1 spectra relating to four different people.

Fig. 6. S2 spectra relating to four different people.

S2 signals showed that they never last more than 100 ms. To per-
form frequency analysis, each extracted signal was positioned at
the center of a 100-ms window, setting any superfluous samples
to the left or right to zero. To minimize the signal discontinuities
at the beginning and end of each frame, the frame values were
multiplied by a Hamming window. The energy of the S1 and
S2 signals is essentially concentrated around frequencies below
200 Hz. To perform frequency analysis, the -chirp (CZT) trans-
form algorithm was used, calculating its values for frequencies
between 20 and 100 Hz [10]. The value of the CZT samples was
then normalized with respect to the sum of the square modulus
of the values in each frame. The level of energy was thus ob-
tained by transforming the value for each sample into decibels.
Fig. 5 shows the signal energy spectrum for various repetitions
of the S1 signal relating to cardiac sounds recorded from four
different individuals. Fig. 6 shows the signal energy spectrum
for various repetitions of the S2 signal relating to cardiac sounds
recorded from four different individuals. Analysis of Figs. 5
and 6 shows that both S1 and S2 sounds for the same person
essentially exhibit the same frequency spectrum in the interval
considered.
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Fig. 7. Heart sound mean spectra relating to five different people. (a) S1 sound.
(b) S2 sound.

The possibility of distinguishing between individuals by
using the spectrum of S1 and S2 sounds must, however, be
supported by the fact that different trends are exhibited in
recordings made from different individuals. To check this
possibility, we calculated the mean signal energy spectra for
five different individuals. Fig. 7 shows these mean spectra. As
can be seen, it is possible, at least in some frequency intervals,
to observe substantial differences between the curves.

E. Matching Algorithm

The last phase in the implementation of an automatic bio-
metric identification system matches an (unknown) cardiac print
to be analyzed with the templates stored in the system. Each
template will comprise the spectrum, determined as described in
Section III-D, of the S1 and S2 heart sounds relating to a certain
number of heartbeats (in our tests, six heartbeats). The metric
used to measure the distance between the two signal spectra was
Euclidean. Considering the spectra as N-dimensional vectors,
we have

where and are the vectors containing samples of the signal
spectrum whose distance is to be measured, and is the number
of samples calculated for each frame.

When S1 and S2 signals are extracted from a cardiac sound
recorded from the same individual, the distances with respect
to the spectra are expected to yield lower values than those ob-
tained when S1 and S2 spectra extracted from sounds recorded
from different individuals are used. Following a series of record-
ings, we determined the distributions of the distance variable
with S1 recordings made from both the same person and dif-
ferent individuals [Fig. 8(a)]. The same was done for S2 record-
ings [Fig. 8(b)]. In both figures, the solid line indicates the in-
traperson distance (i.e., the distance obtained using spectra from
the same individual), while the dashed line indicates the in-
terperson distance (i.e., obtained using spectra from different
individuals).

F. Test Results on Cardiosource Database

The trend of the distance distributions was evaluated con-
sidering cardiac sound recordings from five different individ-
uals, as described in Section III-B. Six different heartbeats were
extracted from each recording, thus giving six S1 and six S2

Fig. 8. Intraperson distance (solid line) and interperson distance (dashed line)
distributions for (a) S1. (b) S2.

sounds. The number of distances for each type of sound, cal-
culated from recordings made on a single person, will be 75,
having pairs of distinct sounds for each
person. The number of distances for each type of sound, calcu-
lated from recordings made by different individuals, will be 360,
having 36 pairs of sounds (for each pair of individuals) and
ten pairs of individuals . The analysis of Fig. 8(a)
and (b) shows that the hypothesis regarding the probability of
finding greater distances when cardiac sounds from different
individuals are considered is confirmed. It may be appropriate
in an identity test to consider the distances calculated on both
S1 and S2 sounds. Using bimodal (or multimodal) distribution,
the FRR and FAR values generally decrease. We can consider
a two-dimensional vector in which the first component is the
S1 distance and the second is the S2 distance. On a Cartesian
plane, the points relating to distances calculated from record-
ings made on the same person would be expected to concen-
trate in the proximity of the point , whereas those relating
to distances calculated from recordings made on different indi-
viduals would be expected to be quite far from the point .
The statistical analysis of various recordings will make it pos-
sible to determine a curve that minimizes the misclassification
error (i.e., it minimizes the misidentification probability once
the false reject probability is fixed, and vice-versa).

When recordings are available containing different heartbeats
for a single individual, in order to minimize errors linked to
signal processing operations, it is suitable to perform a sepa-
ration analysis on the basis of the mean distances calculated be-
tween both sounds belonging to the same person and sounds
belonging to different individuals. In practice, if we indicate the
th repetition of the S1 spectrum for person as and the
th repetition of the S1 spectrum for person as , we can

define

In the same way, we can define the distances for S2 sounds to ob-
tain the second coordinate of the mean point. We thus obtain the
pairs of points for all of the individ-
uals considered that describe on the Cartesian plane the dis-
tances relating to the same person and
for all possible pairs of individuals that describe the dis-
tances relating to different individuals.
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Fig. 9. Distribution of points relating to S1 and S2 distances: intraperson (plus
sign) and interperson (circle).

In this way, considering a population of five individuals, it
is possible to determine five different points which describe the
pairs of mean distances calculated from recordings made on the
same person and ten points that describe the pairs
of mean distances calculated from recordings made on different
individuals. Fig. 9 gives the distribution of the mean points on
the Cartesian plane, a plus sign indicates the points representing
the distances calculated from recordings on the same person
and a circle indicates those representing distances calculated
on recordings from different individuals. As can be seen in this
case, bearing in mind the relatively small size of the database, it
is always possible to distinguish between individuals via anal-
ysis of cardiac sounds, obtaining a null value for both perfor-
mance indexes—FRR and FAR.

G. Robustness to White Gaussian Noise

In an initial test of robustness of the algorithms for the ex-
traction of heart sounds to be used for identification purposes,
a series of tests was performed adding white Gaussian noise to
the five recordings so as to obtain mean signal-to-noise ratios
(SNRs) of 5, 0, 5, 10, 15, and 20 dB. Fig. 10 gives an example
of heart sound identification relating to the “Third Heart Sound”
recording in the Clean case and in the presence of the various
noise levels considered (i.e., SNRs of 5, 5, and 15 dB).

As can be observed, up to dB, the algorithm for the
detection of S1 and S2 sounds continues to segment correctly,
as in the Clean case. It is only with very low SNRs that the
segmentation system is affected by the presence of noise and
segments a wider portion of the signal. Figs. 11 and 12, which
refer, respectively, to S1 and S2, show the mean spectrum for
each person, calculated in the two extreme cases: SNRs of 20

Fig. 10. S1 and S2 detection of heart sounds in the presence of Gaussian white
noise. (a) Clean. (b) SNR = 15 dB. (c) SNR = 5 dB. (d) SNR = �5 dB.

Fig. 11. S1 spectra relating to five different people at different SNRs. (a) 20 dB.
(b) �5 dB.

and 5 dB. As can be seen from Figs. 11 and 12, there are
no substantial variations in the spectrum due to the addition of
white noise at the frequencies considered, which range from 20
to 100 Hz. From Fig. 13, it is possible to deduce that there are
no considerable degradations, not even in terms of the degree
of separability between the classes linked to the identification
process and in the presence of a large amount of noise.
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Fig. 12. S2 spectra relating to five different persons at different SNRs.
(a) 20 dB. (b) �5 dB.

Fig. 13. Distribution of points relating to S1 and S2 distances: intraperson (plus
sign) and interperson (circle) at different SNRs. (a) Clean. (b) 15 dB. (c) 5 dB.
(d) �5 dB.

IV. TEST RESULTS ON RECORDED PCG SEQUENCES

A. Database

In an initial test of the potential of the segmentation and
biometric identification algorithms proposed in Section III,
when applied in a context in which the PCG recordings are
made by nonexperts, we created a database containing heart
sound recordings from 20 different people (twelve females and
eight males). The recordings were made using a Littmann 4100
WS electronic stethoscope three different times in such a way
that the interval between recordings on any one person was no
less than two days over a two-month period. Compared with the
sequences for the Cardiosource database, the recordings made
using the electronic stethoscope were noisier, as shown by the
example given in Fig. 14. This degradation is, in part, due to
inexpert use of the stethoscope (applying different amounts
of pressure when positioning and moving the stethoscope
during recordings) and to the presence of additional noise due,
for example, to movements and/or breathing by the subject
being examined. In this respect, however, the database is a
more faithful reproduction of the conditions typically encoun-
tered in a real application context. For a subset of people, the
heart sound acquisition process was performed by placing the
stethoscope over four different typical auscultation regions
(Fig. 15): aortic (A), between the second and third intercostal
spaces at the right sternal border; mitral (M), near the apex
of the heart between the fifth and sixth intercostal spaces in

Fig. 14. Examples of PCG signals acquired using the Littmann 4100WS elec-
tronic stethoscope.

Fig. 15. Typical auscultation regions.

Fig. 16. Distribution of points relating to S1 and S2 distances: intraperson (plus
sign) and interperson (circle) placing the stethoscope over the (a) aortic region,
(b) mitral region, (c) pulmonic region, and (d) tricuspid region.

the mid-clavicular line; pulmonic (P), between the second and
third intercostal spaces at the left sternal border; and tricuspid
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Fig. 17. Distribution of points relating to S1 and S2 distances: intraperson (plus sign) and interperson (circle) using heart recordings for 20 people recorded via
the Littmann 4100 WS stethoscope.

(T), between the third, fourth, fifth, and sixth intercostal spaces
at the left sternal border. This was done to try to identify the
position which gave the best performance in terms of the degree
of separability between the intra and interperson difference. All
of the original recordings were converted into uniform 16 bits
quantized audio files with a sampling rate of 11 025 Hz.

B. Results of Identification Phase

The performance of an identification system based on
frequency analysis of heart sounds depends on both the seg-
mentation of S1 and S2 sounds and the subsequent matching
phase. In regards the segmentation phase, the tests performed
on the database of recorded PCG sequences match the per-
formance obtained in tests carried out on the cardiosource
database. Fig. 14(a)–(d) shows the correct behavior of the S1
and S2 detection algorithm in relation to examples of PCG
sequences. The segmentation algorithm, which is essential
for the subsequent matching phase, generally segments the
sequences analyzed correctly and so is very robust to the
degradation typically occurring in PCG sequences recorded
in a real application context. As far as the matching phase is
concerned, we first conducted a preliminary study to identify
the heart auscultation region (i.e., one of the four auscultation
positions for the stethoscope), which gives the best degree of
separability between classes for intra and interperson distances.
PCG recording sessions were run on five different people,
placing the stethoscope over the four auscultation regions.
Fig. 16 illustrates the results of the preliminary investigation.
Clearly, the recordings from the aortic and pulmonic regions
exhibit a greater degree of separability between the classes. It
was then decided to extend the database, this time recording

only PCG sequences relating to the pulmonary valve, and
obtaining a total of 20 different groups of PCG sequences for
20 different people (twelve females and eight males). Using
this database, the performance of the identification system
was evaluated in terms of FRR and FAR. The results obtained
are shown in Fig. 17 which, like Fig. 8, illustrates the points
relating to intraperson distances (plus sign) and interperson
distances (circles) obtained from recordings made on the pul-
monary valve alone. Although the recordings are considerably
affected by noise of various kinds, and although the stetho-
scope was not positioned by specialized medical personnel,
the results still show a good degree of separability between the
intraperson and interperson distances. Analyzing the S1–S2
distances, it is possible to identify two lines with a negative unit
slope which, respectively, give the extreme conditions of null
false accept rate (FAR %) and null false reject rate (FRR

%). A person is correctly declaring his or her identity if
the matching process yields a point below the first line; if the
distance is above the second line, the system detects the person
as lying about their identity. The values between the two lines
indicate the impossibility of verifying the person’s identity,
thus requiring further investigation based on other biometric
parameters. This range includes both people who declared their
true identity but whom the system rejects with an error rate of
FRR %, and people whose false identity is not recognized
by the system with an error rate of FAR %.

V. CONCLUSION

This paper has proposed a preliminary study for the im-
plementation of an automatic identification system based on
frequency analysis of the main heart sounds S1 and S2 recorded
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by an electronic stethoscope. The first part of this paper presents
an algorithm to detect heart sounds, which is essential for the
subsequent frequency analysis and signal matching phases.
Analysis of the inter and intraperson distances measured for
S1 and S2 indicates that there is a good degree of separability
between the two sets of values, in particular when PCG se-
quence recordings are made, placing the stethoscope over the
pulmonary valve. The results of the tests performed indicate
that the two main heart sounds in a PCG sequence are thus a
good physiological sign that can be taken into consideration in
modern biometric systems.
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